Uncertainties are one of the greatest impediments to construction planning and decision-making. Events such as unforeseen site conditions, equipment breakdowns, and late material delivery can affect activities on the critical path, significantly delay the project, and potentially increase the project completion cost. The dynamics involved in most construction projects make it almost impossible to predict all events that may adversely affect a project operational plan. As such, project plans need to be constantly adapted to the real situations during the construction phase. This requires that the latest information about the status of all project entities (including equipment) be collected. Among different classes of construction equipment, cranes are among the most expensive, and activities that rely on crane service usually fall on the project critical path. This implies that the monitoring and analysis of crane related operations is essential to enhance productivity. This paper presents the latest results of an ongoing research which aims to facilitate the planning and control of crane operations by capturing and analyzing data corresponding to a crane's physical movements. The result of this analysis can be used to identify parameters describing different phases of crane operations in order to better predict the performance of crane-related tasks.
INTRODUCTION
The ultimate goal of every construction project is to meet both schedule and budget requirements. Project schedules are useful tools for managing projects only if they represent the actual conditions of the project. In order for a project plan to be reliable, it needs to be followed by a rigorous control mechanism to ensure that the project goals will be achieved. Through project control, the actual performance is compared to the planned performance and potential discrepancies are identified. The project management team will then use corrective actions to resolve such deviations in order to bring the project back on track. Hence, the key to successful project control is to have a clear strategy that spans over the lifetime of the project. Each construction project is unique in purpose, requirements, and characteristics (Ahuja et al. 1994, Best and De Valence 2002) . As a result, using lessons learned and information collected from previously completed projects can only help project planners to a certain extent. In fact, the best approach to manage a new project is to design and incorporate a customized planning and control strategy unique to that project. Such strategy should facilitate the integration of the project information into project schedules not only during the planning stage but as the project makes progress. Traditional control methods are based on manual field data collection, which is slow, and inaccurate (Davidson and Skibniewski 1995) . The significant amount of time and effort required for such a tedious data collection can lead to distraction of time and human resource from more important tasks (McCullouch 1997) . This may cause many construction managers to adopt more generic and less frequent control procedures. Because current data collection methods are time consuming and expensive, many construction firms do not collect extensive data for control purposes, and even if they do, most of the data is not collected in real time (Navon 2005) . Moreover, as current data collection methods are performed manually, they do not allow for corrective measures to be taken in time to mitigate the resulting loss to the project. Even if all data is collected, the raw data cannot be directly used by project managers. The data needs to be first analyzed and carefully investigated to give an accurate prospect about what is happening in the project and how significant the data is for planning and control. In addition, any corrective measure will be effective only if taken in real time or shortly after the deviation occurs. The longer it takes to identify discrepancies between actual performance and planned schedule, the more serious the consequences are and the more costly the corrective actions will be (Kim 2002) . Real time control of on-site construction activities based on high quality data is thus essential in identifying performance discrepancies. Such control enables timely corrective measures to be taken when needed and, consequently, leads to a reduction in possible damages caused by the discrepancies.
PLANNING OF EQUIPMENT OPERATIONS
Equipment in today's construction projects is an indispensable part of the project, and without them it is doubtful any construction project could be finished on time (Shapira et al. 2007) . As a result, appropriate planning and control of the activities that rely on equipment use will have a tremendous effect on achieving the overall goal of the project. Among a variety of equipment used in typical construction sites, cranes are the largest and the most conspicuous. The nature of activities that a construction crane is involved in (e.g. lifting, transporting material) implies that most of the time and at various stages of a project, they create schedule bottlenecks and control the critical path of the project that may indefinitely delay the completion of the project (Rosenfold 1995). For example, in a high-rise building construction, the project completion is tightly dependent on crane operation and as a result, inaccurate planning of crane-related activities will have a significant impact on the success of the project (Wakisaka 2000) . This paper presents the latest results of an ongoing project which aims to automate the planning and control of crane operations using real time field data collection and integration of the collected data into the crane schedule. In order to achieve this objective, sensors are mounted on the crane to transmit motion data to a planning and control station. The collected data is analyzed and used to determine major parameters (e.g. timing, location of service nodes) of a crane cycle. These parameters are then used to plan future activities with a goal to maximize operation efficiency. The action plan is constantly updated based on the latest collected data to make sure that the actual performance is in line with the desired performance. The data can also be used to predict the crane's future performance given a certain combination of resources and conditions on the ground, and to take corrective actions, if necessary, to finish the job on time.
PREVIOUS STUDIES ON CRANE OPERATIONS
A limited amount of research was aimed at improving the planning and control stage of the crane work cycle. For example, Leung and Tam (1999) developed a model to predict the hoisting time of tower cranes. The model examined the contribution of different variables in addition to the hoisting height. They used multiple regression models to identify factors affecting the hoisting times based on their importance. This enabled planners to manipulate the variables in order to shorten the hoisting time. Tam et al. (2002) explored possible improvement in hoisting time prediction by using nonlinear neural network models. Zhang et al. (2007) used ultra wideband sensors to collect real time data for the purpose of crane path re-planning to avoid possible collisions in a construction jobsite. Leung and Tam (2003) demonstrated the use of simulation to improve the scheduling strategies and reviewing the floor construction schedule. Navon (2005) described a method to collect data about indirect project parameters (e.g. location of workers) in order to automate the measuring of project performance indicators (i.e. labor productivity). Sacks et al. (2005) discussed the feasibility of automated monitoring of lifting equipment to facilitate project control. More recently, Zavichi and Behzadan (2011) developed a method to help crane operators prioritize their task sequence based on the shortest path traversed between the nodes to reduce the time and consequently cost of the operations.
In order for any crane planning algorithm, including those described above, to yield accurate and meaningful output, it is imperative that an adequate level of crane operational data collected from the field be used as an input. In the absence of a continuous stream of realistic input data, even the most sophisticated planning approaches may results in little added value. Hence, the presented research was motivated by the need for a methodology that uses data collected from physical crane motions at each degree-of-freedom (DOF) in order to calculate parameters that describe the events inside a crane work cycle. Such events mark the beginning and end of loading, lifting, transporting, and unloading activities that when put together in a chronological order, form a complete crane work cycle. To achieve this goal, real time operational data from a construction crane is collected and interpreted to predict the crane's future performance and the effect of this performance on the overall project completion. With the progress of time, more data is collected and stored. A well-populated pool of data will allow for more accurate statistical analysis of existing data trends. The result of this analysis is used to create and constantly update a simulation model of the ongoing crane activities. This model can be used to predict the performance of the project as well as to select the best combination and arrangement of cranes on the jobsite to achieve the maximum possible efficiency. In the following Sections, first, the requirements of a prototype automated data collection technique in a laboratory setting will be described. Then, the process of analyzing and sorting crane operational data into a computer interpretable format is discussed. In order to demonstrate the application of the field data in an actual decision-making scenario, a discrete event simulation (DES) model of a crane operation will be created and the collected data will be used to update certain parameters of the simulation model.
PROBLEM DESCRIPTION
In many large construction projects, materials delivered by different suppliers are first checked in and stored in an on-site warehouse prior to being distributed between different work zones. The distribution process typically involves lifting equipment such as a tower crane, a crawler crane, or a gantry (bridge) crane. As far as the material distribution is concerned, the crane is the most important means of transport which implies that delays in crane operations can potentially cause bottlenecks in project schedule. In order to meet the demand of the working crew, the crane's hook should be repeatedly traversing between material storage areas (loading sites) to crews' locations, where material is unloaded. Since this process is iterative by nature, effective planning and controlling of the crane movements can directly improve the project performance. Figure 1 shows a model tower crane equipped with a 3D orientation sensor to capture the angular movement (β) of the jib as it repetitively traverses between a material storage area (A) and a crew location (B). 
DATA COLLECTION METHODOLOGY
In order for the crane's operational data to be useful for planning and control, each and every physical movement should be tracked. Such movements may include raising or lowering the hook, turning the jib (of a tower crane) or lowering or raising the boom (of a crawler crane), and extending the boom (of a crawler crane). Since many such movements include change of angles, 3D orientation sensors can be effectively used for data collection. An orientation sensor is capable of detecting angular movements about the three major axes. These angles are named after Leonard Euler who first used them to describe the orientation of a rigid body relative to the principal axes (Siciliano and Khatib 2008) . As shown in Figure 2 , the three Euler angles are commonly referred to as yaw (heading), pitch (tilt), and roll. The 3D orientation sensor used in this research to collect angular movements was a magnetic PNI CompassPoint Prime tracker. This 3-axis module provides compass heading, roll, and pitch, and is suitable for typical indoor and outdoor experiments. Table 1 is a summary of manufacturer's specifications for PNI Prime orientation tracker. Figure 3 shows the jib's principle axes in a tower crane and a crawler crane. The jib of a tower crane, shown in Figure 3(a) , can only rotate on the horizontal plane, and as such, the only angular movement that needs to be collected is the yaw (heading) angle. As shown in Figure 3(b) , the jib of the crawler crane can move sidewise while being raised or lowered. As a result, yaw (heading) and pitch (tilt) angles are needed to describe the jib motions. The rest of this paper is aimed at the analysis of stationary tower crane operations and as a result, the most important piece of data that needs to be collected in order to describe the motion of the crane jib is heading. As shown in Figure 1 , this heading angle represents the location of the crane hook in the area between the two imaginary lines connecting the crane base to the loading and unloading sites. As long as the crane hook is traveling between a loading site (start node) and an unloading site (end node) in repetitive cycles, the heading angle is collected. Normally, a crane cycle consists of loading, transporting material, unloading and returning. The orientation sensor transmits degree values of the crane jib heading at a constant rate (i.e. frequency, f). Therefore, the elapsed time between any two given points in time (T) can be calculated by dividing the total number of data collected (C) during that time interval by the data transmission frequency,
The data collected from the orientation sensor may contain errors or outliers which need to be eliminated before the transmitted data can be used in the analysis. For example, it is very common for any type of sensor (including the 3D orientation tracker used in this research) to detect small amounts of random movement (i.e. jitter) even when the crane jib is not moving (e.g. during loading or unloading). Two important reasons for variation in data when the jib is not moving are wind that makes the hook swing back and forth, and the body inertia generated by the weight of the hook dangling from the jib. In order to eliminate jitter, angular velocity (ω) is defined as the change in heading angle (Δθ) over time (ΔT).
The angular velocity obtained from Equation (2) is used to determine the nature of the jib movement. The angular velocity corresponding to a jitter is significantly lower than that corresponding to when the crane jib is moving between the loading and unloading sites. Moreover, the sign of the angular velocity determines the direction of movement. For example, if a positive change in angle corresponds to moving from the loading site to the unloading site, the angular velocity of the reverse movement will have a negative sign. As a result, the angular velocity can be used to detect the different phases in a crane work cycle.
DATA ANALYSIS ALGORITHM
As discussed earlier, a typical crane work cycle consists of a series of discrete activities including loading, transporting the load, unloading, and returning to the initial position for the next cycle. Table 2 shows a description of these activities. Assume that the crane work cycle always starts at the loading area. In order to determine the position of the crane's hook, the angular velocity of the heading angle is compared to a predefined threshold. If the angular velocity of the jib is smaller than this threshold, it is concluded that the crane jib is jittering (due to factors such as payload inertia or wind) inside the loading area. As soon as the angular velocity maintains a steady change, and the transmitted heading angles show a movement away from the loading area, the crane is involved in an instant of transporting activity. Once the jib's heading angle reaches a steady value and the angular velocity decreases to less than the predefined threshold, it is conceived that the hook is inside the unloading area. Finally, as soon as the crane jib starts moving back towards the loading area, the heading angle values transmitted by the orientation tracker show a steady change towards the initial value corresponding to the loading area. This process repeats until the crane operation ends. Table 3 provides a sample pool of heading angle data collected from a model tower crane using the PNI data logger software. Data logger uses ticks (1/60 of a second) to measure time. The observation was taken from a crane jib moving repetitively between loading and unloading areas. At the end of each crane work cycle, raw orientation data is translated into four separate well-populated pools of activity durations each corresponding to an activity the crane may be involved in (i.e. loading, transporting, unloading, and returning) . Once the raw incoming data is analyzed, a distribution function is fitted to the sample points in each data pool based upon the criterion of the least square errors to best describe the probabilistic duration of an activity. Table 4 shows a list of probabilistic distributions fitted to the raw data presented in Table 2 together with their corresponding square error values. After the best probabilistic distribution representing each activity is selected (using criteria such as least square error, or expert judgment), the statistical parameters of that probability distribution (e.g. mean, standard deviation) can be used inside a simulation model for predictive analysis of the crane operations. 
CASE STUDY
Typically, project decision-makers use their expert judgment or data from previous projects to estimate activity durations. It is conceivable that the ability of a simulation model to properly predict the performance of a project highly depends on the reliability and preciseness of the model parameters. Without a comprehensive understanding of project components and logic, it is almost impossible to develop a realistic simulation model of that project. Figure 4 illustrates a discrete event simulation (DES) model corresponding to a warehouse crane operation. As shown in this Figure, the model mainly consists of three main zones: storage (i.e. warehouse), transport (i.e. crane), and final installation. In addition to a crane, the Load activity requires that a loading crew and material be available. Also, the Unload activity requires that a crew is available to unload and install the material. In order to avoid piled up material in the installation area, it is assumed that the material is unloaded from the crane by the same crew who installs the material. As a result, as long as the crew is busy installing, the crane has to wait (in an idle position) to be unloaded. The operation continues until all material is moved from an initial storage area (e.g. onsite warehouse) to the location of final installation. In order for this simulation model to be a realistic representation of the entire operations, it is necessary that both crew and crane activity times be collected, analyzed, and incorporated into the simulation model. Figure 4 consists of four crane-related activities: Load, Transport, Unload, and Return. In order to have a realistic simulation model, the parameters for these activities (as well as other activities inside the DES model) need to be carefully calculated. One such parameter is activity duration. Assume that the heading angle data listed in Table 2 correspond to the crane used in the warehouse operation of Figure 5 . Using the developed data analysis methodology, probabilistic distributions shown in Figure 5 can be assigned to describe the durations of crane activities in the DES model.
The DES model in

Figure 5. Probabilistic distributions describing different crane activities CONCLUSIONS AND FUTURE WORK
Activities that rely on crane service usually fall on the project critical path and if mismanaged, can result in severe project delays and cost overruns. In this paper, a data collection and analysis methodology was presented which allowed for planning and controlling of future crane activities based on the latest crane performance on the jobsite. The developed algorithm used data captured from physical crane motions in order to determine the nature of the activity a crane was involved in as well as to identify the statistical parameters describing different phases of crane operations. The output of this algorithm can be used in post-operation predictive analysis of cranerelated tasks. Future work in this research will include developing more sophisticated and ubiquitous data collection techniques using wireless technology, using the results inside a simulation model to conduct predictive analysis of crane operations, studying the trends in collected data using in-depth statistical methods, and modifying the granularity of the data analysis algorithm to be able to detect and potentially predict events such as regular crane maintenance, random break-downs, and wind effect that may adversely affect crane operations.
